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Abstract—Fully Autonomous Vehicles and their interaction
with motorcycles are rarely considered. With the push of fully
autonomous vehicles, ethical concern about motorcycles has
risen. Primarily when countries with a higher population of
motorcycles are targeted, this research proposal addresses the
potential dangers of Autonomous Vehicles and motorcycles with
the ‘Are Autonomous Vehicles a danger to motorcycles?’ research
question. This research proposal aims to fill in the research
gap of Autonomous Vehicles and motorcycle safety. The research
looks into current object classification methods to understand the
current problems and discover any potential solutions, theories
or issues that manufacturers, motorcycle safety advocates and
Government agencies can consider when it comes to awareness
or development. The research methodology has two sections,
primary and secondary. Primary: Statistical and Qualitative
methodologies, and Secondary: Fundamental and Quantitative
methods. Findings within this report: Vision-based AVs are val-
ued over safety; Ultrasonic sensors are considered expensive, and
other solutions can make the vehicle unattractive to the consumer
market. The research question has three hypotheses statements to
be determined within the research project:- ‘Motorcycles have
blindspots that are often overlooked by human drivers, which
AVs can detect and avoid.’, ‘In low light conditions, AVs may
struggle to accurately detect and identify motorcycles, leading to
potential safety issues on the road.” and ‘Poor weather conditions,
such as heavy rain, snow, or fog, can make it difficult for AVs to
detect and react to motorcycles, increasing the risk of accidents.’.

Index Terms—Image Classification, Motorcycles, Autonomous
Vehicles.

I. INTRODUCTION

AV cars are set to roll out in the UK by 2025, promising
to release new laws and create thousands of jobs in the
industry. The ideology of Autonomous EV cars aspires to
improve safety, increase efficiency and change how individuals
travel. Despite the remarkable advancements in Autonomous
EV technology, challenges remain that need to be addressed to
ensure the seamless integration of these vehicles on our roads.
One life-death scenario challenge that still exists, however, has
been reported by Autonomous companies is the inaccurateness
of classification and interaction of self-driving cars with vari-
ous road users, particularly motorcycles.

The main focus audience for this research project is Au-
tomonous Vehicle (AV) manufacturers, motorcycle safety ad-
vocates and Government agencies responsible for regulating

AVs. The target audience is cruical to meet to advance
the research and understanding of how to make roads safer
around all types of vehicles. The dissertation will help forward
experimental and thought process for future work towards
these research groups. Any findings, results, discussions and
conclusions will help identify the current issues and potential
adaptations to integrate safety. AV manufacturers can use
any findings, techniques and results mentioned in the report
to determine any potential safety features to increase road
safety. Motorcycle safety advocates can use any findings and
discussions to support motorcycle trainers to devise awareness
and safety around AVs and teach motorcyclists safety tips and
maneuvers preventing any fatalities. Finally, the Government
agencies can develop legal strategies to help AV manufacturers
to take in consideration of any safety issues found within
this research, making motorways and dual-carriageways safer
around motorcycles.

Some key areas of the proposal include the reliability of AVs
motorcycle detection within a lane. The way AVs interact with
motorcycles in different situations, whether it is lane changes
or merging, taking in considering of weather and visibility
conditions. The potential risks for motorcycles and how to
mitigate the risk of AV motorcycles.

The blog by Dolf Willigers, published by BMF [1] in 2012,
‘Autopilot Still Kills Motorcyclists’ provides a generalisation
of the current issues and worries British motorcyclists deal
with when coming to the idea of Fully and Lane Assisted
Autonomous EVs. An idea that is raised in the article, ‘In both
situations, the motorcycles, riding in the dark...”. This state-
ment already raises the known problem of motorcycles being
hard to see at night; hence, the drive for development with Hi-
Vis reflection clothing, helmets and ‘always on’ dip beam laws.
Although, an interesting problem that could be happening
here is that the Image Classification algorithm implemented
identifies motorcycle lights as street lights, street reflections
(indicating danger), or cyclist/pedestrian bright lights that can
aim directly into the vehicle’s lane. Usually, small things like
this can blind a standard driver driving at night.

Figures (1, 2) visualises some of the potential impacts AVs
may deal with. The diagram sourced from [2], illustrated by [3]
demonstrates a potential problem, where if the AV misjudges
the upcoming lane merge, and fails to detect motorcycle
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within any potential blindspots could involve in fatalities with
multiple road users. It is important to understand why systems
may break down, especially when drivers behind the AV may
not be active and paying attention.

The company, Tesla announces in 2021 that the company
would remove a sensor called Ultrasonic Sensors, replacing
the sensor with ‘Tesla Vision’ by 2022. Within this time,
motorcycle incidents were rising with Tesla vehicles, including
motorcycle fatalities. Rather than suggesting going back to
Ultrasonic Sensor. Henceforth the importance of understanding
object classification’s problems when identifying motorcycles.

These hypothesis statements assist the explore the research
question, ‘Are AVs a Danger to Motorcycles?’:

1) Motorcycles have blindspots that are often overlooked
by human drivers, which AVs can detect and avoid.

2) In low light conditions, AVs may struggle to accurately
detect and identify motorcycles, leading to potential
safety issues on the road.

3) Poor weather conditions, such as heavy rain, snow, or
fog, can make it difficult for AVs to detect and react to
motorcycles, increasing the risk of accidents.

Lane change manoeuvre
of a self-driving car

® This illustration was created using the C2C-CC illustration
Toolkit, owned by the CAR 2 CAR Communication Consortium

Fig. 1. C2C’s Illustration of Car Changing Lanes: Representation shows that
a AV may misjudge the speed of the other vehicle with limited visibility. [2]

@ This picture was created using the C2C-CC lliustration Toolkit, owned by the CAR 2 CAR Communication Consortium

Fig. 2. C2C’s Illustration of Motorcycle within Car’s Blindspot: Representa-
tion displays that a AV could pull out, not detecting the motorcycle. [4]

II. LITERATURE REVIEW

Firstly, it is essential to understand how vision works on AV
and what techniques are in place to allow vehicles to function
correctly and safely. Journal Article, ‘AVs: from paradigms to
technology’, authored by Silviu Ionita [5], offers underlying
information about the foundation of autonomous vehicle sys-
tems. It is equally important to understand how motorcycles
function within traffic and understand the reasoning behind
motorcyclist mentality.

Motorcycle filtering and some of the law insights behind the
concept. Austrailia and USA states have different definitions of
filtering. Some states declare filtering legal where other states
declare filtering illegal. Thailand country made filtering illegal,
however, some of these states or countries where filtering is
illegal are poorly policed, indicating that motorcyclists may
filter if an opportunity arises. That means AV vehicles should
anticipate filtering even in countries/states where filtering is
illegal to minimize the number of casulties and incidents. [6]

An ‘intelligent vehicles’ paradigm has three logical rule
statements to follow. Firstly, the system will collect data from
the driver, developing the knowledge from itself and the driver.
Second, the system will have to perform some judgement.
Silviu Ionita [5] mentions that it is paramount to filter the
data through logical statements and apply multivalent logic to
handle uncertainty better, creating a better judgement. ADAS
require consistent autonomous behaviour to collect and handle
the data even when the system is not in control. This behaviour
means that the developers can collect data on what the system
would have done if it were in control, allowing any refinement
down the line and enabling AVs to work more efficiently.

Figure 3 provides the structure of Advanced Driver Assis-
tance Systems (ADAS) functions linking the responsibilities
to the decision and action. Strategic Processes are near real-
time, Tactical Processes are real-time, and Direct are short
as possible. These three functionalities are fundamental when
understanding how an ADAS vehicle copes and how an AV
will tend to handle situations. [5] It is necessary to establish
that the AV will only rely on its judgement after the decision
to remove human interaction. Some of these system paradigms
reflects on the capabilities of AVs involving blindspots, low-
light and poor weather conditions.

Level rocess Decision Action Function
*  Trip/route planning
. Ne 4 o .
Strategic Al Models ez;fa —> | = Route optimization and selection
* Route reconfiguration
Al Models ®  Maneuver planning, including control of:
& steering, speed, distance, acceleration/
Tactical Adaptive Real time — deceleration
mo;els = All types of current perceptions and events
anticipated in the environment
Reflex = Breaking
Direct Error-based (asshortas | — | = All types of current events sensed in the
possible) environment

Fig. 3. Classes of ADAS and their Requirements for Decision and Execu-
tion [5]

Finding the suitable dataset for the given research question
involves first identifying the required information. The require-
ments of the dataset need to have motorcycles on the road
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with different situations, camera angles and visibility. After
exploring through some datasets, three image classification
datasets, ‘TuSimple’ [7], ‘Car vs Bike Classification’ [8] and
‘MB10000’ [9]. The ideal datasets at the time was ‘TuSimple’.
However, the dataset was twenty-five gigabytes, and meant that
training the dataset was too much for individual research. The
‘Car vs Bike Classification’ dataset lacked authentic motorcy-
cle and car images in realistic situations. However, the dataset
was lightweight, with one hundred and eight megabytes. These
mentioned specifications meant that the ‘MB10000’ had an
optimistic fitness to support this experiment. The dataset has
realistic situations, motorcycles with other vehicles and image
sequences to support image classification. The dataset has
four-hundred and twenty-six megabytes of filesize.

When investigating how AVs handle blindspot handling
compared to human drivers, the paper ‘Automated driving:
Safety blind spots’ by Ian Y. Noy [10] suggests the current
implementations within ADAS and compares it to standard
driving errors. Although, the paper does not directly reflect
on motorcycles, the paper details ADAS systems and how the
transition from ADAS to AVs is possible. An important quote
from the paper is that ‘AD technologies are suboptimal in that
they fail to address critical blind spots and will likely lead to
unnecessary losses and injuries because insufficient consider-
ation is given to integrating the human element into overall
sociotechnical road transportation system’ [10] suggests that
transitioning from ADAS to AVs is relatively dangerous if
blindspot judgements are overlooked. With further research in
this area, it will provide more information to understand if
AVs are safer than human drivers on the road.

‘Pedestrian, Bike, Motorcycle and Vehicle Classification via
Deep Learning: Deep Belief Network and Small Training
Set’ by Yen-Yi Wu [11] goes over different visibility levels
that affect pedestrians, bikes, motorcycles and vehicles and
how image classification affects these vehicles. The image
preprocessing involves converting colour images to greyscale.
Including edge emphasis, detection to enhance to the image,
with the fundamental aim to detect edges of objects seamlessly.
The paper suggests using a fixed threshold and Otsu methods
to threshold greyscale images and use bilinear interpolation for
image resizing. These methods should increase the visibility
of the objects within the images are good notes for when
conducting any experiments.

As most AVs use object classification, so it is a good
idea to explore some of the different techniques available
for image classification for real world applications. ‘Detection
and classification of vehicles for traffic video analytics’ writ-
ing by Ahmad Arinaldi [12] recommends R-CNN (Region-
based Convolutional Neural Network) to process video frames
(images) for object classification. The data preprocessing and
object classification Ahmad Arianaldi [12] provides, offers a
solution for moving vehicles in traffic vehicles. The paper
covers both Mixture of Gaussian (MoG) to remove the back-
ground and Support Vector Machine (SVM) testing it against
Ahmad Arianaldi’s [12] ‘Faster R-CNN’ Neural Network,
which is ideal for the problem when it comes to detection

and classification of vehicles in moving traffic scenarios. The
Indonesian Toll Road dataset scored .672 4 .150 ranging from
52.2% - 82.2% and MIT Traffic .694 £ .0.013 ranging from
68.1% to 70.7% accuracy.

Yen-Yi Wu [11] suggests the use of a Deep Belief Networks
(DBN) model to use for object classification. The model works
well to classify images: pedestrians, bikes, motorcycles and
other vehicles. The model thrives a 89.53% accuracy.

R-CNN model merges a CNN approached model with
Region-based model to create a deeper layered model. The
aim is to increase accuracy and performance when it comes
to object classification. The R-CNN uses a selective search
algorithm to find certain features within the set of images,
and focus on the objects that match the specified features using
a diverse of strategies. This approach aims means that when
training the model, it is equally important to understand what
the layers do and how they filter the image to change the test
data to analyse the differece performance and accuracies of
the traning and testing. [13] [14]

DBN model is based off Restricted Boltzmann Machine
(RBM) layers to train the model. According to ‘An overview
on Restrcited Boltzmann Machines’ [15] explains that RBMs
pre-train the weights of the networks. This is done layer by
layer, and applies gradient descent methods to fine tune the
weights. This alone allows the neural network to optimise the
hyper-parameters, which in turn boosts accuracy and optimises
the performance of the model overall.

Both model suggestions both use CNN, whether it is
merging CNN or comparing to CNN. A layer used in the
Journal Article, ‘Detection of Motorcyclists without Helmet
in Videos using Convolutional Neural Network’ written by
C. Vishnu [16] tests for motorcyclists wearing helmets and
no helmets. The layers proposed by the author should benefit
the datasets used in this research project. The layer structure
appears to be faigue, although, involves relu, maxpooling, fully
connected and a loss function (Support Vector Machines or
Softmax) layers.

Figure 3 displays the DBN and RBM layers from the
paper, ‘Parallel computing method of deep belief networks
and its application to traffic flow prediction’ illustrated by Lu
Zhao [17]. DBN is not a convolutional network, compared to
CNN. DBN consists of a two-layer graph, including a visible
layer below and a hidden layer above displayed in figure 4. The
author and illustrator mentions that the RBM layers illustrated
are slightly different to the classical Boltzmann Machine. [17]

III. METHODOLOGY

The project will involve the research, design, experimen-
tations and findings to answer the research question. The
hypothesis statements will drive the development of the study
and investigations to provide a statistical analysis of any
potential safety issues.

A. Outline

The study will select relevant Machine Learning/Deep
Learning (ML/DL) models, hyper-parameters and techniques,
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Fig. 2. Basic structure of an REM

Fig. 4. DBN and RBM Model Layers [17]

with some existing research to support the experimentation
results. Some initial research papers and datasets are enclosed
in this paper. However, if any new research developments are
established during the experimentation, then consideration of
the research would include in the research section that backs
up the investigation. The study will uncover and cover some of
the existing research. However, expand on any technicalities
to help prove the established hypothesis statements.

B. Aim and Objectives

The aim of the study is to address the problems with AVs
to fulfill the research gap. The problems have been addressed
within conference papers and even when it comes to object
classifications. Although, with the lowest of incidents, whether
it is due to the safety training of motorcyclists or population
that actually ride, dependent on the country, the problem is
rarely addressed thoroughly. If AVs roll out into regions like
Southeast Asia: Indonesia, Vietnam, Thailand and others, and
European countries: Italy, Spain, Brazil and others, then the
problem will appear more, not allowing organisations to brush
the problem ‘under the rug’. The objective is to find some
theoretical logic of the underlying problems and potential
solutions or considerations for ADAS/AVs to adapt decreasing
any potential tragic accidents.

C. Project Structure

The research during the project must justify tools to support
image preprocessing, analysing and classification to provide
an understanding of the problems taking place. Image prepro-
cessing is a significant consideration in the project to answer
all the hypotheses, as motorcycles may be in a blind spot,
but with better adjustments, the image classification could see
blur or shadows easier with sharper settings or if the time
and weather have poor visibility, then dangerous the image to
greyscale, and increasing edge sharpness could help make the
motorcycle outline more clear. Different classification methods
can improve the accuracy of a data model, including using
various layers, hyper-parameters, and techniques during the
training of a dataset.

The experiment would look into image classification with
the selected dataset providing information on possible misclas-
sifications from the chosen dataset. The image classification
structure would follow some standards that AVs use. However,
AVs would use object classification libraries that support real-
time footage. Image classification aims to see how motorcycles
are identified among other vehicles to extend the research.

Some of the strategies to determine the hypothesis state-
ments is to select a model like DBN and CNN or R-CNN
and to compare the results with the corresponding research
results. Find image classification research papers for example,
‘An Analysis of Convolutional Neural Networks For Image
Classification’ researched by Neha Sharma [18] demonstrates
a good example of a CNN structure.

This Al project will involve seven phases in accordance with
the paper ‘Developing ML/DL Models: A Design Framework’
authored by Meenu Mary John [19] involving Business Case
Specification, Data Exploration, Feature Engineering, Exper-
imentation, Development, Deployment and Operational. The
Business Case Specification, in this case, is to find out if
motorcycles are in danger around AVs and find suggestions
or research pathways to answer the hypothesis that supports
the research question thoroughly. It is essential to find datasets
that support the business case specifications. During the data
exploration phase, exploring some available datasets and filter-
ing them out to better back the research question is essential.

Feature engineering takes place to determine the relevant
data fields or features that benefit the study. For example,
non-vehicle objects like traffic lights and pedestrians are not
required if the focus is on motorcycles. Although, it can be
equally argued that when AVs function, they process many
objects simultaneously for better awareness.

The experimentation phase includes developing a model for
the dataset, compiling the model and reviewing the data to
optimise the model for the dataset. This experimentation will
already shape potential issues with the dataset. Each time the
data is run with different tunings, it will help develop an idea
of the potential issues with the dataset.

The development phase is where findings from the experi-
mentation are presented. This phase will formalise the results
and suggest to the target audience the project’s future work.
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The Deployment and Operational phases are not required.
However, a replacement of a Review phase may be where
results and findings can be discussed, and any suggestions to
optimise the experimentations for future work.

D. Evaluation Metrics

During the experimentation, it is necessary to discuss of
how the analyst of experimental data may take place. This
information will guide the project with relevant data backing
up the optimisation and accuracy during the ML prototyping,
and gathering feedback for the research question to present the
findings and develop any potential solutions or future work.

Two common methods of observing performance and ac-
curacy among the different classes available within a dataset
is Confusion Matrices and Classification Reports. These tools
provide a clear indication of overfiting, underfitting and ac-
curacy. The confusion matrix does this by demonstrating true
positives and false positives, which the main focus to back
up the research question would be the Motocycle feature to
see where any false positives are detected. The Classification
Report displays a range of information involving ‘Precision’,
‘Recall’, ‘F1-Score’ and ‘Support’ of each features; detailing
any potential issues of outliers. Three averages: ‘Accuracy’,
‘Macro Avg’ and ‘Weighted Avg.’ are included to show the
overall accuracy of the model. [20] [21]

As Neural Networks train with a given epoch, meaning how
many iterations the test data would go through training. A
history of these iterations will be on record and displayed on
a ‘Validation and Training Loss’ graph to indicate the loss
gap of the initial learning and the fitness of the trained and
validation data to indicate the performance and any potential
improvements, [21]

E. Development Methodology

Due to the nature of the Al project, the Agile development
methodology does not fit. Although, if the project involves a
team of developers, then the Agile development methodology
will make the better fit. The Al project has a small team and
requires a lot of repetition to find the best fit and results for
the experimentation. The Iterative development methodology
is the best approach. The Agile Methodology could cost any-
where from £422.91 (Freelancer Team Members) to £2085.04
(Payroll Team Members) [22]

Where usually, Agile development methodology has an
initial cost factor, and the development saves coordination,
flexibility and performance within a team development envi-
ronment. However, it does not fit in a project that aims to
deliver results to address a safety issue. The Agile method-
ologies, Iterative and Rapid Application Development (RAD)
development methodologies address this project better, with
the ability to make a prototype model, test and refine it.

RAD is a risky methodology as it does not allow the
flexibility to redesign the plans to enable definition when
addressing the given safety concern. Therefore, the Iteration
development model is an ideal solution, allowing the ability of
initial planning and then additional planning and requirement

changes, also continuously updating the analysis and design,
testing and evaluation. This key methodology cycle will benefit
the ideology of setting the layers up and evaluating the results.
Agile Methodology also uses User Stories, which is excellent
if a platform is being made. However, the user stories would
get repetitive during the research project, which wastes time
in this specific scenario.

F. Ethical Impacts

AVs on the road pose ethical implications, especially con-
cerning interaction with other road users focusing on mo-
torcycles. These ethical implications impact safety, privacy
and security concerns. AVs are not ADAS and have no
override system for passengers, making this a paramount moral
concern.

AVs must ensure the safety of every road user, including
motorcyclists. It is essential to ensure that AVs are not
deployed onto roads in any country until enough research is
conducted on motorcycles or even other road users, including
cyclists and pedestrians. Organisations’ goals are to focus
on the vision side of Al usage, which means that imple-
mented systems must achieve high results. Any performance
or average issues could result in a significant accident. An
ethical issue could be developed when AVs react to night-
time driving around motorcycles, swerving or overtaking,
mistaking the vehicle as a cyclist, and not giving the correct
space. Furthermore, any blindspots of an AV or other aspects
overlooked, like reaction times in terms of computational ex-
ecution times, could result in catastrophic safety implications
for motorcyclists.

A survey conducted by Rahman, Dey, Das and Sherfin-
ski [23] studied by Kristen Pammer [24] suggests that 57%
of pedestrians and cyclists felt ‘safe or very safe’ sharing with
AVs. Kristen Pammer [24] conducted a survey and this was
his statement:

“The survey findings were supported by a simple question at
the end of the survey; ‘If you have any other views on the
increasing use of autonomous/self-drive cars, please provide
them here’ where a surprising 250 participants volunteered
responses such as ‘As an avid motorcyclist I actually trust a
computer to see me better than most humans.”’ [24]

The response shows the massive trust AVs will build, and
the importance not to ignore the responsibilities that come with
AVs. When road users become too comfortable around AVs
being able to predict them, then humans may try to ‘outsmart’
them finding a potential issue that the developers appears to
have overlooked on. This research project aims to provide
information on how to handle the potential problems with AVs.

G. Roles

The following roles are required to carry out this project
involves a project manager, researcher, data scientist, software
developer, motorcycle safety expert, AV engineer, product
sponser and stakeholders.
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A Project manager is in charge of making sure of the flow
of the ongoing tasks. They are in charge of setting deadlines,
providing milestones and assigning tasks to the team. A project
without a project developer, would slow down development
significantly.

A Researcher carries out any research activities including
collecting, analysing and interpreting data, and preparing re-
search reports.

A ML engineer/Software Developer could be considered
when it comes to the prototype of the Al system, involving the
implementation of the Neural Network, and any other software
infrastructure that is required. For example, if extra software
is required to support the experimentation better.

Consideration of both Motorcycle Safety expert and AV en-
gineering to gather inside information to formulate a credible
research project.

Project Sponser to provide funding to support the research
project including resources for the project.

Stakeholders are responsible to provide feedback and input
within the project, keeping the project outcomes aligned to the
needs and expectations.

H. Project Management

The project management tool for this project requires
GitHub Project, and the source control to manage the project
is Git. Using a Kaban and Gantt Chart allows the team
to maintain an organised structure when executing tasks to
complete Milestones and iterations. The iterative development
approach required some setting up, so on GitHub Project, six
iterations exist, with two being contingency.

Project  Link: https://github.com/users/ShinkuKira21/
projects/2/views/4

Fig. 5. Kaban Chart: Project Management

Figure 6 shows the project plan for the proposal phase,
milestone: ‘Project Kickoff’. The milestone appears to have
a schedule of April 1 to April 23. The focus areas involve
choosing appropriate research with the relevant hypotheses,
fundamental research of AVs and motorcycles to understand
current issues with the architecture in place, research to un-
derstand AV interactions and research containing appropriate
datasets needed to support the hypotheses. This stage requires
seven tasks to complete, with some fading into others to
complete. The idea of phasing into another assignment is
because some tasks help achieve the latter.

Also, the milestone has two open tasks assigned to the re-
searcher. These tasks involve communicating with the Project
Manager/Supervisor to propose the project idea and filling out

an ethical form so the supervisor can sign it. The other tasks
display completed tasks.

Fig. 6. Schedule of Milestone: Project Kickoff

Figure 7, milestone ‘Data Collection and Preparation’, in-
volves six tasks from June 2 to June 14. The tasks are green,
meaning that the tasks are still open. Each task should take up
to 2 days to complete. The following requirements involved
with the tasks are as described:

« Identify relevant data sources.

« Review and select Appropriate datasets.

¢ Clean and preprocess the data.

o Explore and visualise the data.

o Transform the data into a suitable format for the analysis.
o Document the data collection and preparation methods.

Fig. 7. Schedule of Milestone: Data Collection and Preparation

Figures (8 9 10 11) show four milestones. Notice how the
figure captions now say ‘Iteration Milestone’ because these are
not standard milestones. These milestones are templated to be
broken down and repeated for each iteration incrementation.
Each iteration has a time box of two weeks and four phases,
research and planning, model development and training, model
testing and evaluation, and documentation and discussion.
Every time an iteration completes, the next iteration will either
have tasks from the backlog, uncompleted tasks from the
previous iteration, or new tasks for each phase of the iteration
based on the last iteration’s ‘Discussion and Documentation’
phase.

The first element of the iteration is about research and
planning. The ‘Research and Planning’ part of the initial
iteration starts on June 16 to June 19, with two tasks, gathering
and analysing potential dangers with AVs and reviewing and
discussing findings with the team and Project Manager/Super-
visor.

The ‘Model Development and Training’ section of the
initial iteration involves the creation of the chosen model. The
milestone lasts six days from June 20 to June 26, with two
tasks, lasting three days each, developing and training the Neu-
ral Network models and monitoring the model development
progress.
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Fig. 8. Iteration Milestone: Research and Planning

Fig. 9. Iteration Milestone: Model Development and Training

The ‘Model Testing and Evaluation’ section of the initial
iteration has a timeline of June 26 to June 27, with two tasks
taking a day to complete. The two tasks rely on each other
and involve evaluating and testing the Neural Network and
reviewing the model evaluation results.

Fig. 10. Iteration Milestone: Model Testing and Evaluation

The ‘Discussion and Documentation’ section of the lasts
for one day, the completion day is June 29. This milestone
includes two tasks, documenting the research findings, and
reviewing and edition of the documentation and reports.

Fig. 11. Iteration Milestone: Discussion and Documentation

The milestone ‘Project Completion’ provides tasks to fi-
nalise the project. This milestone focuses on the closing
argument of the project and concludes. The milestone com-
mences from September 8 to September 21, with four tasks
to complete. The first task, ‘reflect on the hypotheses’, needs
one day to finish. The second task, ‘discuss any unexpected
findings or outcomes from the project’, require two days to
complete. The third task, ‘reflect on the lessons we learned
during the project’, needs four days to complete. The fourth
task, ‘evaluate the project’s overall success’, needs three days
to complete.

IV. RESULT COLLECTION

Result collection is a collection of different techniques used
within the project. These methodologies narrow down useful

Fig. 12. Schedule of Milestone: Project Completion

information types to back up the project. As the research ques-
tion seems to be very limited within the research area involving
AVs/ADAS and motorcycles, it may be hard to narrow the
research collection down. From the research conducted so far,
the project follows on the lines of fundamental, statistical,
quantitative and qualitative research. The main focus to answer
the research question thoroughly would be statistical, quanti-
tative research methods, whereas fundamental and qualitative
research methods would act as a secondary focus to widen
the research content, providing a better understanding of the
research problem.

A. Fundamental Research

Fundamental research methodology builds a directive of
a research area driven by curiousity. This type of research
collection increases the understanding of a selected research
topic, which is vital in cases where not many research papers
exist. Fundamental research papers alone are not substantial
to start developing towards a research project, as the name
suggests, it creates a foundation and provides insights to under-
standing any problems found during the research study. These
papers tend to cover basic understandings of phenomenon’s,
which in turn backs up the research question. These research
materials may include surveys, interviews, observations and
experiments. [25]

In the context of AVs and motorcycles, the research method-
ology seeks to understand any underlying principles of the
interaction of these vehicle types on the road. It may even
contain discussions and analytics of crash data or theoretical
requirements that AV organisations should follow. For exam-
ple, a study of how drivers and rider perceive each other on the
road would impact the research approach, taking in account of
the AVs visibility requirements. For the project, consideration
of conference papers, case studies and surveys should help
form any research directives to approach the testing of the
hypotheses statements.

B. Statistical Research

Statistical research is a critical component of this research
project, as interpreting the analytical data generated from the
Neural Network is important. AVs and ADAS are complex
systems, and require a good understanding of the statistics of
real life events to understand hypothetical situations. The goal
of statistical research is to identify patterns, relationships and
trends within the data. These three variables allow the testing
about each individual hypothesis and forming the conclusions
of the research method.
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Statistical research could involve comparing other object
classifications papers involved with AVs and motorcycles,
taking account of the design plan, neural network model and
layers, results and discussions to give an understanding of
industry standard results. This also gives a great way to test
the findings from the research project against the statistical
findings and then form a detailed report of the findings, and
provide a useful further work section. Statistical research
has been demonstrated to make sure that the datasets are
relevant and up-to-date Use Cases, and to understand the initial
problems with motorcycles and ADAS/AVs to develop the
research question.

C. Quantitative Research

Quantitative research involves the numerical data to collect
and analyse data. This has a secondary importance similarly
to the fundamental research methodology. This research col-
lection appears a few times whether it is working with the
algorithm, Confusion Matrix or understanding numerical data
gathered from fundamental and statistical research papers to
understand of variables in relation of AVs and motorcycles.
Quantitative research methodology can help with identifying
and aids with developing evidence-based recommendations for
improving motorcycle safety.

Quantitative research methodology tends to involve sur-
veys, questionnaires and user studies. The methods enable
the research to contain a large amounts of numerical data
related to the research question. Numerical techniques can also
provide tools to conduct correlation analysis and hypothesis
testing, in accordance with research from the statistical side
and experimental results. The quantitative methods has been
applied to check performance, size and other key factors when
it comes to preparing the Neural Network to make sure that
the hypotheses are accurate and workable.

D. Qualitative Research

Qualitative research is a crucial factor of this project. As
seen in this proposal, datasets had to be observed to make sure
they could withstand the hypotheses. During the prototyping
and evaluating of the model, observations will be made and
cross-referenced to make sure that the findings are accurate.
This type of testing could help work out any potential issues
with current data structures or even provide some awareness
of problems that may have not been considered before. It is
also important to make notes from other research projects with
qualitative research to consider any key points.

In addition, observation studies could help enhance the
research development. This could be finding case studies that
provide videos of AVs in process with descriptions of what the
program is doing and what systems are in place. This content
could involve indepth interviews with experts and stakeholders
to understand AVs and motorcycle’s current interactions and
known concerns. It could also be a useful tool communicating
to some motorcycle instructors or experts to understand if there
is any on-going issues with ADAS vehicles and motorcycles.

These could aid the study further in seeing or hearing the
experiences.

V. EVALUATION

The research question, ‘Are AVs a Danger to Motorcycles?’,
involves three hypotheses: ‘Motorcycles have blindspots that
are often overlooked by human drivers, which AVs can detect
and avoid.’, ‘In low light conditions, AVs may struggle to
accurately detect and identify motorcycles, leading to potential
safety issues on the road’ and ‘Poor weather conditions, such
as heavy rain, snow, or fog, can make it difficult for AVs
to detect and react to motorcycles, increasing the risk of
accidents’ have been observed and considered throughout the
proposal. The project’s target audience should aim towards AV
manufacturers, motorcycle safety advocates and Government
agencies, as it addresses an overlooked ethical issue.

The literature review ensures methods that can provide
research support to aid each hypothesis. The methodology
considers the critical areas of the research project, including
the research, project infrastructure, development methodolo-
gies, project management and project costs. The refined project
uses the literature review to create an affordable, time-critical,
practical project supporting the research question. The research
collection methods focus on two primary methodologies, sta-
tistical and quantitative and two secondary methodologies to
support the primary research collection methods. DL algo-
rithms use some of the mentioned research collections in
the natural developmental form. It was found that with the
research gap directly at AVs and motorcycles, limiting the
research collection too much would make the research project
less likely to provide the necessary research development.

Several metrics are used to evaluate the success of the
project and to formalise the result of the project:

1) The accuracy of the DL algorithm in detecting motor-
cycles in different situations should be measured and
compared to selected research papers to keep up with
industry standards.

2) The performance and accuracy of the DL algorithm will
be observed and put into consideration how accidents
may occur in different situations.

3) Real-life situations should be collected from verified
sources or interviews with instructors to understand if
they have had any issues with learners around ADAS
vehicles in the UK to provide real-world situation sup-
port.

In conclusion, the project addresses the ethical issue with
Avs’s interaction with motorcycles. The project is designed to
address the issue and provide insight into any problems that
Object Classifications currently have detecting motorcycles in
different situations. The project’s future work is to provide
clarity and considerations of safety implications, implementa-
tions or possibilities.

VI. TERMINOLOGY

List of terminologies used in this document:-
o AV: Automonous Vehicles.
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ADAS: Advanced Driver Assistance Systems.
ML/DL: Machine Learning and Deep Learning.
MoG: Mixture of Gaussian.

SVM: Support Vector Machines.
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